Abstract A crucial aspect of constructing a gridded model of anthropogenic fossil fuel CO 2 (FFCO 2 ) emissions involves careful consideration of uncertainty. Both the spatial resolution of the emissions estimates (grid scale) and the selection of proxy data to represent the spatial distribution of emissions, plus the quality of data on point sources of emissions, have important impacts on uncertainty. In earlier papers, we explored the uncertainties associated with grid selection and the available data on large point sources. In this work CO 2 emissions data are spatially distributed using population density as the selected proxy, using three different treatments of large point sources, and with five levels of grid resolution (1 The methods of calculating uncertainty associated with grid size, proxy selection, and reported point-source emissions data are presented, with particular attention being drawn to grid size selection. We find that as the resolution becomes coarser, relative uncertainty (total uncertainty as a percentage of total emissions) at the grid cell level decreases. Relative uncertainty in most grid cells decreases as the portion of emissions attributed to specific point sources increases. Good data on large point sources is very important for spatially explicit emissions inventories.
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Introduction
For a variety of reasons, both scientific and political, it is important to be able to estimate both the total quantities and the spatial distribution of anthropogenic carbon dioxide (CO 2 ) emissions to the atmosphere. Because of the implications of these estimates, it is also important to have a realistic idea of the magnitude of their uncertainty. Fluxes of CO 2 to and from the atmosphere involve the oceans, the terrestrial biosphere, and the anthropogenic fluxes from fossil-fuel combustion and other industrial processes. Uncertainty in the anthropogenic fluxes is propagated into the uncertainty with which we can evaluate what is happening, for example, in the terrestrial biosphere. As a consequence, to understand with any detail and confidence what is happening to carbon exchanges in the terrestrial biosphere, we have to understand the details of the anthropogenic fluxes. At the regional level, we cannot detail the magnitude of the sources or sinks of carbon in the biosphere without good characterization of the fossil-fuel fluxes. Further, to understand the drivers of human-caused emissions and their response to mitigation efforts, we have to understand the spatial and temporal distribution of the anthropogenic emissions. Where are the human-dominated emissions coming from, and what are the mitigation options? The prospect of independent monitoring and verification of corporate or national commitments to limit emissions probably will depend ultimately on satellite-based observations, and these will rely on accurate surface description of emissions sources.
Consequently, there have been multiple efforts to estimate global and national emissions of CO 2 and several major efforts to estimate the anthropogenic emissions on a gridded representation of the Earth's surface, i.e., estimates of emissions from specified spaces (see, e.g., Andres et al. 2012) . By bringing these multiple gridding efforts into a common spatial representation, Hutchins et al. (2016) have shown that the various estimates differ substantially, even over a relatively well-characterized space like the United States of America (USA). Subsequently, Hogue et al. (2016) have provided quantitative estimates of the uncertainty by grid space for one such effort and have reported that on a 1°latitude by 1°longitude grid scale, the uncertainty per grid space in the USA is typically on the order of 160%.
Emissions per grid space are generally estimated in two steps: (1) estimating the total national emissions as a function of the amount of fossil-fuel consumed and the magnitude of other CO 2 emitting processes, and (2) using additional data (proxy data) to estimate how these emissions are distributed spatially within the national boundaries. Hogue et al. (2016) characterized the uncertainty per grid space as arising from six sources: (1) the estimate of total national emissions, (2 and 3) the magnitude and location of large point sources, (4) the use of a quantitative proxy such as population density to represent the spatial distribution of CO 2 from non-point sources, and (5 and 6) the spatial and magnitude uncertainty in the proxy variable. Within the USA, the spatial contributions to uncertainty turned out to be very important. It matters how accurately we report the locations of large point sources and how well the spatial distribution of the proxy really represents the spatial distribution of the CO 2 emissions. On a 1 by 1 degree grid, proxy uncertainty of the non-point sources turned out to be the major contributor to total relative uncertainty in the most grid spaces. That is, in this example, the extent to which the distribution of population corresponds to the distribution of CO 2 emissions has large uncertainty. For absolute uncertainty, the magnitude uncertainty of large point sources plays a large role. And, depending on the goal of the analysis it may be very important to distinguish between absolute and relative uncertainty. A very large relative uncertainty may be of little concern for a grid space with very low total emissions while small values of relative uncertainty may be of considerable importance in grid spaces with very large emissions.
Our hypothesis in this current analysis is that relative uncertainty per grid space (total uncertainty as a percentage of total emissions) should decrease as the grid scale increases. We anticipate that as emissions inventories push toward increased resolution (smaller grid size), there will be a trade-off in willingness to bear greater relative uncertainty in the resulting emissions estimates as opposed to greater investment in data collection. Are we willing to trade low resolution maps with low relative uncertainty for high resolution maps with high relative uncertainty? At least two factors contribute to this trade-off between resolution and relative uncertainty. The locational uncertainty of large point sources is important when the large point sources are reported near grid boundaries and raise the possibility that the point sources could be mislocated into the wrong grid cell. Also, as the grid size approaches the national scale, there is increasing likelihood that a chosen proxy actually does represent the distribution of CO 2 emissions due to the smoothing effect of averaging over larger domains. A third factor is that relative uncertainty is generally greater for areal sources than for large point sources. Grid spaces containing large point sources can be expected to have larger absolute uncertainty but smaller relative uncertainty, and at low resolution, a larger fraction of grid spaces will include one or more large point sources, and these will dominate both the absolute and relative uncertainty.
We explore the change in uncertainty as the scale of analysis is changed. We also explore the extent to which we can differentiate and separate non-point sources from point sources so that a smaller fraction of total emissions is allocated to areal sources and therefore influenced by the proxy uncertainty. As in Hogue et al. (2016) , we focus initial analysis on the USA and use population density as the proxy variable to distribute CO 2 emissions from areal sources within the USA. Other possibilities, such as night lights (e.g., Oda and Maksyutov 2011) or a combination of night lights and population (Gurney et al. 2009 ), are possible.
Methods
As noted above, there are six contributions to the uncertainty of CO 2 emission estimates in a gridded, spatially explicit inventory of emissions from a given country. For the USA, we summarize each of these contributions for different grid sizes and aggregate them to reveal the uncertainty in the total emissions estimates for each grid space. In this paper, Btons^are always metric tons.
The non-uniform, discrete distribution of large point sources in a gridded CO 2 emissions model can be approached using the concept of a spatial Bernoulli distribution where a point source is either: (1) located in the reported grid cell, thus allocating all of the reported emissions there, or (2) not located in the reported grid cell, allocating no emissions there. Sometimes, when a point source is reported in a particular grid cell, it will lay close to one of the cell borders. In this case, such models would allocate the entirety of the emissions to the cell reported to contain the point source. However, our work uses the methods described in Woodard et al. (2015) and Hogue et al. (2016) PSUM provides a statistical approach to incorporating the locational uncertainty of nearedge point source locations into gridded emissions allocations via a Monte Carlo simulation.
Locational uncertainty for large point sources arises for a variety of reasons, such as the reporting of the latitude and longitude of the point source facility versus the actual location of the CO 2 discharge, reporting the mailing address of the point source location rather than its physical location, or due to an unreported location where the point source was placed by the database manager at the centroid of the county as a default. By randomly sampling 500 large point sources in the eGRID data set of US power plants (U.S. EPA 2014), Woodard et al. (2015) determined that the average distance between the reported location and the actual location for large point sources of emission release in the USA was 0.84 km with a standard deviation of 5.61 km. The Monte Carlo simulation uses this mean difference in location as the basis to allocate the emissions from each reported point source using a radially symmetric, bivariate normal distribution. A detailed description of PSUM can be found in Woodard et al. (2015) . Here we assume the same disparity even though some of the EPA data have been updated.
Building from the initial Hogue et al. (2016) analysis at 1°resolution, we now calculate the uncertainty by grid space when 1°× 1°grid spaces are aggregated into larger spaces with resolution of 2°× 2°, 3°× 3°, 4°× 4°, and 5°× 5°. At 1°resolution, the USA (without Alaska, Hawaii, or other non-continental territories) is embedded in a grid of 1508 spaces while at 5°resolution only 78 grid spaces are needed. Grid spaces considered are any that have CO 2 emissions attributable to the USA and the uncertainty calculated is for only the US emissions.
For each grid space, we then determined PSUM and the other five contributions to the uncertainty. The one sigma value of ± 5.31% (Quick 2014 ; see also NIST 2015) derived for power plants was used to characterize the magnitude uncertainty of all large point sources. As described in Hogue et al. (2016) the spatial uncertainty for the population proxy was calculated by evaluating the effect of 10 km shifts in grid boundaries, and the magnitude uncertainty for the population proxy was calculated using the one sigma value of 0.01% suggested by the U.S. Census Bureau (2011) . The proxy uncertainty for areal emissions sources was calculated for each grid space assuming that the root mean squared error (RMSE) of per capita emissions at the state level is related to the RMSE of per capita emissions at the grid level by a factor of ffiffi ffi n p , where n is the average number of grid spaces per state (see text below and Hogue et al. 2016 ). The five grid-level components of uncertainty were then combined by taking the square root of the sum of the squares. The national uncertainty for the US total emissions was then simply added on using the one sigma value of 2.5% (see Hogue et al. 2016 ). Although Woodard et al. (2015) suggest that for many grid cells their uncertainty may be influenced by neighboring cells, for an initial characterization of uncertainty, it is assumed here that the only influence between cells is by the spatial relations described above for PSUM and the spatial uncertainty in the population density.
Numerical analysis
In this paper we refine and clarify the computations from Hogue et al. 2016 and expand the calculations to compute the uncertainty for each of the six components of uncertainty at different levels of spatial resolution, with the hypothesis that the total relative uncertainty values per grid space will decrease as spatial resolution gets coarser. We conduct a comparison using summary statistics of the six components of uncertainty as well as the total uncertainty. Two caveats discussed in Hogue et al. (2016) which remain relevant to the current work are:
1. Values for uncertainty are represented as being symmetric around the mean. While values greater than 100% are thus not physically possible on the negative side, they none-the-less convey a sense of the magnitude of uncertainty. 2. The spatial statistic PSUM derived in Woodard et al. (2015) is not technically a standard deviation, yet it serves the same function and has the same units. Contrary to standard methods, PSUM acknowledges that locational uncertainty for a point source is not a continuum but is rather a binary recognition that the large point source either is or is not in a given grid space. Hogue et al. (2016) concluded that the largest fraction of uncertainty in most grid spaces resulted from proxy uncertainty. Proxy uncertainty stems from the assumption that the distribution of CO 2 emissions can be approximated by the distribution of population density. This is essentially the assumption that CO 2 emissions per capita are a constant. Considering emissions from electric power generation separately, as in Hogue et al., provides a significant step forward in that only the remaining emissions are then assumed to be proportional to population density. However, there are additional emissions from large point sources, e.g., petroleum refineries, cement plants, and large industrial facilities that are similarly not uniformly distributed across the USA, and data assembled by the U.S. Environmental Protection Agency (EPA) Greenhouse Gas Reporting Program (GHGRP) (U.S. EPA 2015) allow us to further attach large quantities of emissions to these unique point sources. This data source, unlike the power plant data source, is only available in the USA whereas data on emissions from power plants are available globally (CARMA 2016) . In addition, the GHGRP reporting includes only facilities that emit more than 25,000 tons of CO 2 per year.
In this analysis, we look at three conditions to evaluate the impact of considering the importance of large point sources in the USA: (1) no separate treatment of large point sources so that all emissions are distributed solely according to population density, (2) distribution of CO 2 emissions with the population density proxy after emissions from all electric power plants (from the eGRID data set) are distributed separately, and (3) distribution of CO 2 emissions with the population proxy after emissions from all large point sources (from the GHGRP data set) are distributed separately. Thus, this paper uses the term Blarge point source^in a way that reflects the available data. When we rely on data from the EPA eGRID data set on electric power plants (U.S. EPA 2014), large point source means electric power plants, and all other sources, including some very large industrial facilities, are included as areal sources, and the emissions are distributed according to the proxy population data. When we rely on the EPA GHGRP data (U.S. EPA 2015), large point source is defined as an emission source greater than 25,000 tons of CO 2 per year and all other sources are treated as areal sources.
The importance of the separate treatment of large point sources is illustrated in Fig. 1 where we show total per capita emissions from each state as reported, after emissions from power plants are subtracted, and after emissions from all large point sources are subtracted (see also Singer et al. 2014) . Figure 1 and Table 1 show that the assumption of constant per capita emissions at the state level is much improved when large point sources are treated separately.
That is, the RMSE of per capita emissions across states decreases markedly as the amount of emissions attributed to large point sources is removed from the total and treated separately. Table 1 An analysis of the data presented in Fig. 1 demonstrates that the mean and root mean squared error (RMSE) in CO 2 emissions per capita at the state level decrease as emission values from identified point sources are removed and treated separately. We assume that the RMSE of per capita emissions at the grid level is related to the RMSE of per capita emissions at the state level by a factor of √n, where n is the average number of grid spaces per state (n = 17.5 for 1 × 1 grids cells in the USA). Data sources are as in Fig. 1 Using the method presented by Hogue et al. (2016) , a proxy uncertainty for each grid cell can be determined by considering the ratio between the amount of emissions not attributed to large point sources and population density. Here we use the Landscan population dataset (ORNL 2015) to distribute the emissions. We assume that variations at different scales are homogeneously distributed. That is, we assume that variations among states are reflective of variations among grid cells within states down to grid cells of 1 by 1°in size. We expect the variations at the grid level to increase by the square root of the average number of grid cells per state (see Hogue et al. 2016) . This enables us to relate variations at the scale of states where we have data available down to the scale of grid cells where we do not have specific data. Thus, means and RMSE calculated using state-level data would be reflective of grid-level data. At the state level, population totals are taken from U.S. Census data since many Landscan grid spaces span multiple states, and state totals are not broken out. As it is implemented in the three scenarios defined above and graphically represented in Fig. 1 , the RMSE of the per capita emissions at the grid level can be calculated using the following relationship:
Here, n is the average number of grid cells per state. After the subtraction of power plant emissions, RMSE grid has a value of 28.73 tons of CO 2 per person per year (TPP/year) and after the subtraction of all large point sources, RMSE has a calculated value of about 15.63 TPP/ year. Table 1 contains a summary of these values as point sources are removed to provide statelevel areal emissions values.
We note that some of the values shown here differ slightly from those reported in Hogue et al. (2016) . Changes in the population datasets used, the year analyzed, annual data revisions, and a switch from standard deviation to root mean squared error for the proxy contribution are responsible. While repeatability of the Hogue et al. 2016 , calculations is challenged, the changes are small and the methodologies and general results are preserved.
Results
Estimates of total relative uncertainty by grid space at four different levels of resolution (1 × 1, 2 × 2, 3 × 3, and 4 × 4 degrees of latitude and longitude) are shown in Fig. 2. For Fig. 2 , emissions from all large point sources are removed before the remaining emissions are distributed by the proxy and then the large point sources are added in again. The uncertainties from the five grid-level components of uncertainty are added in Euclidean fashion, which assumes no cross correlations among them. Although each component is derived from different methodologies, the units and scales mesh and the conglomerate measure of uncertainty provides a starting point against which future improvements can be compared. The national uncertainty is incorporated as a percentage on top of this at the end. In Fig. 3 , we show a summary of the results, including the analysis for 5°× 5°-which is not included in Fig. 2 . As hypothesized, the total uncertainty as a percentage of total emissions per grid cell declines as grid size increases. In addition, note that the variation of relative uncertainty values across grid cells also declines. We also note that very high relative uncertainty values that often show up are generally along coast lines or other national borders, or near cells with strongly contrasting emissions values. These generally represent cells with very low estimated emissions but with large point sources near the edge of adjacent cells and some uncertainty in the exact location of these large point sources. At smaller grid spacing, we also see high uncertainty in areas with abrupt changes in population density in the western non-coastal states. These are two categories of boundary effects observed, both related to abrupt changes in absolute emissions with locational uncertainty in adjacent cells. The decrease in percent uncertainty with scale, as well as the boundary effects, shown graphically in Fig. 2 , are for the case with all large point sources treated separately-but the scale and boundary effects are present in all three of the different treatments for large point sources.
The maps in Fig. 2 make clear that national or grid cell boundary effects are very important in the analysis of gridded data. First, using Landscan population data as proxy for the areal distribution of CO 2 emissions results in large contributions to uncertainty values because of the variability in CO 2 emissions per capita. Also note that finer resolutions result in more variation regardless of the treatment of large point sources. Spatial uncertainty in the Landscan population data is directly affected because the spatial uncertainty for a Landscan grid cell is computed using the population density values in adjacent cells, and these are more likely to Fig. 2 Total uncertainty as a percentage of total emissions (relative uncertainty) when all large point sources are treated separately. These four maps show how the total uncertainty as a percentage of total emissions per grid space is reduced as grid size increases from 1°× 1°(a) to 2°× 2°(b) to 3°× 3°(c) and 4°× 4°(d). Here all emissions from large point sources are added in after the remaining emissions have been distributed by use of the population proxy. By 4°resolution, relative uncertainty values over 150% of total emissions are rare. In the 1°a nd 2°resolution maps, the majority of the high relative uncertainty values are in grid cells that fall near coastal or other national borders. As resolution increases (grid size decreases), this affects a smaller fraction of cells. This is a reflection of the increase in interior grid cells increasing faster than the increase in perimeter grid cells. The fraction of cells with uncertainty values that are close to zero also increases as resolution increases, for a similar reason vary from cell to cell at finer resolutions. Second, in the 1°and 2°maps from Fig. 2 , for example, there are quite a few grid cells with extremely high values for estimated total relative uncertainty, and these are often along coastal or other national margins. In the 1°map there are also a number of cells that seem to include some US land areas and yet do not have uncertainty values. These cells lack large point sources and at 1°resolution, they are labeled Boceanr ather than land or are identified with another country. For the definition of the USA, we have taken the gridded data set Vulcan (Gurney et al. 2009 ), the most detailed bottom-up inventory of emissions, and accepted that any grid cell that has a non-zero value for US emissions in Vulcan is defined to be US.
To further illustrate the effect of increasing grid size, as well as the effect of the three alternate treatments of large point sources, we turn our attention to summary statistics of the three different treatments at 1°to 5°resolution. Box plots for the percent uncertainty at 1°, 2°, 3°, 4°, and 5°resolution are shown in Fig. 3 for each of the three different treatments of large point sources. These summary statistics reveal that uncertainty drops precipitously in going from 1°to 2°grid cells and continues to drop as grid size increases. The plots also show that at larger grid cell sizes, there is a decreasing difference between the second and third quartile values, emphasizing an increasing clustering of values toward the low end and a decrease in the stringing out of values (e.g., a long tail) on the high side.
It is important to note that extreme outliers in the relative uncertainty values substantially affect the means for each component of uncertainty. These outliers are usually a result of the large relative uncertainty values that PSUM produces when large point sources sit near the borders of cells. When a large point source is reported close to the boundary of a neighboring grid space with very low emissions, there is some probability that the large point source is actually in that neighboring cell. This probability results in a very large percent uncertainty in the low emissions cell. This circumstance appears more often at finer resolutions because it is more likely for a cell with a large point source to exist near a national, state, city, or other bordering cell with very low emissions. As a consequence, we use the median values as a measure of the central tendency rather than the mean values. Our graphs illustrate the first, second, and third quartiles, so as to minimize the impact of a very small number of extreme values (see Fig. 3 ).
We also point out that with increasing grid sizes, the relative uncertainty for cases with separate treatment of large point sources do not fall as low as for the case where all emissions are assumed to be areal emissions (see the asymptotes in Fig. 3 ). This is because at the large grid sizes the spatial treatment of large point sources remains a small but important contribution to uncertainty from boundary effects whereas the uncertainty from assuming that all emissions are from areal sources asymptotically approaches the national uncertainty level, as it must.
From the boxplot for no separate treatment of large point sources (Fig. 3a) , we note that the cause of the large decrease in relative uncertainty with scale is from the reduction in spatial uncertainty for using LandScan population data as a proxy for CO 2 emissions, which is directly affected by grid size. The reason that there is very little spread between the first and third quartile values at the different levels of resolution (all of the data values are clustered very near the mean value) is that the uncertainty is primarily just a result of rescaling the population density values. Thus, when taken as a percent, the uncertainty is very similar in all grid spaces.
The boxplot for the separate treatment of power plants (Fig. 3b) again displays an overall reduction in relative uncertainty as grid size increases, but it also highlights some interesting behavior in the data. First, the spreads (interquartile ranges) are larger than on the boxplots for no separate treatment of large point sources. This is because uncertainty is simultaneously affected by proxy uncertainty from the uncertainty in using LandScan data to represent the distribution of CO 2 emissions and spatial uncertainty in the large point sources. At 1°r esolution, the data values are centered (second quartile) around 300% uncertainty, but the first quartile is two thirds of that. As grid size increases, this asymmetry begins to dissolve as the increase in grid size knocks out the spatial uncertainty due to the LandScan proxy.
The results from the separate treatment of all large point source CO 2 emitters are shown in Fig. 3c . At 1°resolution, the center of the data distribution (second quartile or median) is closer to the minimum value with a longer tail to the maximum value. This is because there are now more uncertainty values coming from the spatial uncertainty in large point sources. The tail to the maximum value is so large at one-degree resolution because spatial uncertainty for using the LandScan population proxy is dominant. We see this spread reduced after increasing to 2°r esolution for the same reasons as with the separate treatment of power plants only in Fig. 3b .
Some of these numerical differences are evident when the data are displayed on a map as gridded data. Figure 4 provides a comparison of the three different treatments of large point sources at one-degree resolution. Figure 4a shows the outcome when using only the population proxy to distribute all emissions for the gridded estimates of CO 2 . Proxy uncertainty contributes over 87% of the total uncertainty values and total uncertainty is typically in the range from 480 to 500% of total emissions. This is in stark contrast to the second and third maps shown in Fig. 4 (treating power plants separately (Fig. 4b) , and treating all large point sources of CO 2 separately (Fig. 4c , also shown as Fig. 2a ). For the separate treatment of power plants the majority (61.3%) of the uncertainty values range from 200 to 300%. For the separate treatment of all greenhouse gas emitters the majority of values (53.7%) range between 100 and 200%. Note that the largest values in the Fig. 4a (dark green) come from spatial uncertainty in using the LandScan proxy. In Fig. 4b , just over 14% of grid cells have uncertainty greater than 300%.
The discussion above and Figs. 2, 3 and 4 are all based on relative uncertainty (uncertainty as a fraction of total emissions). In fact many modeling studies of emissions and emission plumes, and many policy analyses, are likely to be more concerned with absolute uncertainty rather than with relative uncertainty. That is, they may be more concerned with the uncertainty in high emissions values related to large point sources than with the large relative uncertainty in areas of very low emissions. Whereas relative uncertainty may be more useful in characterizing the data set as a whole or the impact of changing scale or moving to higher resolution; analyses focused on satellite-based monitoring and verification, for example, will be most concerned with the absolute uncertainty in high-emitting grid spaces. Consequently, Fig. 5 shows the absolute values of uncertainty corresponding to Fig. 2a for a 1 × 1 grid. Importantly, for the area of the USA along the coast of the Gulf of Mexico, there are some grid cells that do not appear in Fig. 5 because they have very low emissions and very low values of absolute uncertainty, and yet Fig. 2a shows very large relative uncertainty because of the spatial uncertainty of nearby large point sources. Figure 5 is visually quite different from Fig. 2 and comparison of the two figures illustrates that the lowest levels of absolute uncertainty often correspond with the highest levels of relative uncertainty-e. g., for areas with low but highly uncertain levels of emissions. The highest levels of absolute uncertainty are shown to be in areas with high emissions from large point sources.
Conclusions
Gridded inventories of anthropogenic CO 2 emissions vary in implementation, but the same basic elements are present in many. Current global inventories begin with a national total derived from fossil-fuel consumption data that is then distributed to grid cells by a combination of proxies (such as data on population density) and data collected from large point sources. This approach has minimal demands on spatially explicit data and allows spatial inventories over large areas and with frequent (e.g., annual) repetition. Uncertainties, which begin with the uncertainty in the national totals, are then influenced by the spatial and magnitude uncertainties in the measured and proxy data and by the uncertainty in the correlation between the proxy and actual emissions. Gridded emissions inventories with smaller spatial coverage and less frequent temporal repetition (e.g., the Vulcan data set of U.S. emissions in 2002 by Gurney et al. c When all large point sources are treated separately and the population proxy is used for remaining emissions. Despite the persistence of some very large values, the relative uncertainty per grid space declines considerably when large point sources are treated separately, and the population density proxy is used to distribute only the remaining emissions from areal sources Fig. 5 Total absolute uncertainty in emissions magnitude at 1°× 1°degree resolution with large point sources treated separately and the population proxy used for the remaining emissions. The dominant areas in this view are noticeably different than in the image that shows relative uncertainty (Fig. 2a) 2009) rely on extensive and detailed analysis and data collection to provide spatial resolution. Other papers in this volume illustrate high resolution, spatially explicit emissions inventories with extensive and detailed data input. The data examined here are based on annual totals of emissions and much more data or more complex proxies will be required to provide emissions estimates at finer temporal scales.
Large point sources are not distributed evenly across countries and are located according to current or historic resource availability, transportation accessibility, and a variety of financial considerations driven by variations in state or regional policy. By treating these large and heterogeneously located point sources separately, the remaining emissions are more uniformly distributed according to the population density proxy commonly used. The more uniform distribution of the remaining emissions reduces the uncertainty attributed to the proxy, allowing more accurate representation of emissions from areal sources. Additional splitting of emissions by industry or allocation using different or multiple proxies may allow for further reductions in the total uncertainty. This current study demonstrates the value of the separate treatment of large point sources. All analyses of the spatial distribution of emissions will gain from more complete and more accurate, publicly available, data on emissions from large point sources.
An inverse relationship between scale and relative uncertainty is clear. The smaller the space scale, the larger is the relative uncertainty in emissions per grid space. Quantitatively, this depends on the fidelity of the proxy variable in representing areal emissions and on the accuracy with which large point sources are located. As emissions inventories push toward increased resolution, there is a trade-off in willingness to bear uncertainties in the resulting emissions estimates as opposed to greater investment in data collection and analysis. Are we willing to trade low resolution maps with low uncertainty for high resolution maps with high uncertainty? At some resolution, the result may be a highly accurate map of a proxy that has little relation to real emissions. In any case, it is important to understand the dominant components of uncertainty and their magnitude.
Ultimately our goal is to characterize the magnitude and distribution of CO 2 emissions to the atmosphere. What are the sources of emissions, what party has responsibility, who has control over emissions and their mitigation, how are emissions changing with time, what are the possibilities for monitoring and verification, how does our understanding of the anthropogenic emissions affect of our understanding of the magnitude and changes in natural emissions and sinks?
In addition, an understanding of the dominant components of uncertainty provides useful guidance in efforts aimed at decreasing uncertainty. Although we have focused on the continental USA and on one particular proxy for the distribution of CO 2 emissions, the methods should be broadly applicable to the rest of the globe and to other approaches for creating inventories of anthropogenic emissions. Uncertainties elsewhere will depend on the quality of the data on large point sources and on the fidelity of the proxy/proxies chosen.
